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Abstract 
Cardiovascular disease (CVD) is a larger cause of mortality in the developed country; hence, the early detection of its onset is
vital for effective prevention. Arterial stiffness as measured by radial augmentation index (AIx) has been shown to be an 
independent predictor of CVD; however, the measurement of AIx is complex and not easily obtained precisely. A new approach 
based on the implementation of support vector machine (SVM) is presented for classification of radial pulse waveform. The 
radial pulse signals was decomposed into time–frequency representations using discrete wavelet transform (DWT) and wavelet 
scale-energy were calculated to represent the signals. The purpose is to predict an optimum classification scheme. The result 
demonstrated that the wavelet scale-energy are the features which well represent the radial Pulse Waveforms and the SVM 
trained on these features achieved high classification accuracies. 
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1. Introduction 
Cardiovascular disease (CVD) is the primary cause of mortality in the developed world1. In recent studies, it has 
been shown that an increase of the stiffness in large arteries is strongly associated with increased CVD risk. 
Analyzing the pressure wave in the radial artery of the wrist provide a noninvasive and convenient measure of the 
arterial pressure wave in proximal aorta. The radial artery pulse wave can reveal central systolic, diastolic and mean 
arterial pressures, and also supply an assessment of the stiffness of arteries2. More and more western medicine 
researchers have paid attention to pulse diagnosis 3-5
Radial artery pulse waveform is analyzed usually by time and frequency domain methods, which will omit some 
dynamic characters of the pulse waveform by using these methods 6. Presently, numerous nonlinear methods have 
been developed to analyze and process some physiological signals such as ECG, EEG and so on. Some meaningful 
results have been achieved. Consequently, we investigate the features of pulse waveform through nonlinear methods.  
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The Wavelet Transform (WT) can be applied to extract the wavelet features of discrete time signals. In this 
study, we make use of wavelet entropy to analyze the signal 7. It addresses and describes the irregularity, complexity, 
or unpredictability characteristics of a signal 8.Thus, the radial artery pulse signal, consisting of many data points, 
can be represented into a few parameters. These parameters characterize the radial pulse signal. This feature of using 
a smaller number of parameters to represent the radial Pulse signal is particularly important for recognition and 
diagnostic purposes 9, 10.
There are numerous methods to classify the represent patterns of signals. The choice of methods appropriate for 
a given pattern analysis is rarely obvious. Many methods about feature extraction, feature selection, classification 
exist 11, 12. This paper applies support vector machine (SVM) to discriminate cardiovascular disease patients from 
healthy people. The ability of WT to extract and localize specific patterns from the radial artery signal makes them a 
natural complement to the applications of the SVM. High accuracies were achieved by using the SVM trained on the 
wavelet entropy. 
The outline of this study is as follows .In Section 2, feature extraction by discrete wavelet transform is stated. In 
Section 3, Brief review of the SVM is presented. Section 4 the experiment process is introduced at first .Then the 
wavelet analysis of pulse and their corresponding experimental results are presented finally, in Section 5, the 
conclusions are emphasized. 
2. Feature extraction using wavelet 
2.1 wavelet transform 
Wavelet transform is similar to Gabor transform as a signal processing method; If required to form a proper 
orthogonal basis, it has the advantage that an arbitrary function can be uniquely decomposed and the decomposition 
can be inverted 13. In many research fields such as medical field, telecommunications and biology, it provides a 
good performance in the situations of analyzing non-stationary signals 14, 15.In this study, the discrete wavelet 
transform was used, thus, a wavelet family ,
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2.2 wavelet energy and wavelet entropy 
The entropy of a random variable reflects the degree of disorder that the variable possesses. A measure estimated 
by the wavelet coefficients to provide quantitative information about the complexity of signals is the wavelet 
entropy. 
 In order to calculate the wavelet entropy of the signal, the wavelet coefficients 
( )jC k  were obtained at each 
resolution level j . The energy at each time sample k  can be calculated by equation  
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And the total energy is this: 
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The relative wavelet energy, which defines energy’s probability distribution in scales, is given by 
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 and the distribution is considered as a time-scale density. The wavelet entropy is, in turn, 
defined as 
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3. Support vector machine 
The technique of The SVM has been studied extensively for classification problems of two classes. SVM use 
geometric properties to exactly calculate the optimal separating hyperplane directly from the training data16.
Consider a set of linearly separable training samples: 
1 1{( , ) ( , )}m mS x y x y                                                             ˄8˅
Where x  lies in a dimension input space, and iy  is the class label indicates the class to which the data belongs. 
A suitable discriminating hyperplane could then be defined as:  
0Tw x b  
w  is the vector of hyperplane coefficients, b  is a bias term; Clearly, there are an infinite number of possible 
planes that could correctly classify the training data. A proper kernel function for a certain problem is dependent on 
the specific data and till now there is no good method on how to choose a kernel function17. In this study, the choice 
of the kernel functions was studied empirically and optimal results were achieved using radial basis function (RBF) 
kernel function.
4. Results and discussion 
4.1 Data acquirisition 
 In this studyˈradial pulse waveform recordings are acquired from 50 volunteers using our pulse monitoring 
and diagnosis system (IIM-2010A; Institute of Intelligent of Machines, Hefei, China). Two groups are studied, each 
including 25 subjects, matched for age and gender. Group 1 is 30patients with cardiovascular (15 females and 15 
males, age 50±12 years); ҏҏҏGroup 2 contains 20 healthy subjects they are confirmed to be without cardiovascular 
disease system problems. 
The pulse signal acquisition system consists of a pulse transducer and preprocessing part. The bandwidth of the 
acquiring system is linear response from the 0.05Hz to 200Hz. for distortion may arise from the subject’s respiration 
and so on. The noise introduced in the acquisition process must be removed before computing the pulse waveform’s 
wavelet entropy. We apply our method as described in paper18 to remove this noise. After denosing, we can get 
pulse waveform as shown in Fig.1. 
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Fig.1. Pulse waveform after denosing 
4.2 Pulse Features  
In this work, the length of radial pulse wave is unified to 1800 points. We use three levels wavelet 
decomposition and prefer the Daubechies-3 Wavelet decomposition filters. Thus, the wavelet energy and wavelet 
entropy is computed as shown below. 
                        Table1 the relative wavelet energy and wavelet entropy of pluse signal 
wavelet  E30  E31 E32 E33 E34 E35 E36 E37 
energy 0.9877 0.0112 0.0006 0.0004 0.0001 0.0000 0.0000 0.0000 
entropy -0.0123 -0.0504 -0.0047 -0.0034 -0.0001 -0.0002 0.0000 0.0000 
4.3 Classifier Discrimination Results 
After much experimentation a constraint factor of C = 500 and Gaussian RBF Kernel with V  = 1.2 was found 
to be optimum and used to train and test the classifier .The total classification accuracy of the SVM obtained in the 
experiment was 95%.. 
5.Conclusions  
This paper studies the pulse waveform and analyzes its clinical value for predict disease for cardiovascular 
systems. Support Vector Machine classification is shown to provide superior results. Results conform that the 
wavelet feature can be used to differentiate the subjects in different cardiovascular condition. For the purpose of 
probing the mechanism of manifestations of the pulse, further work needs to be performed to quantitatively analyze 
cardiovascular system. 
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